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CHAPTER I

INTRODUCTION

Kuwait Bay, a semi-enclosed marine embayment located in the northwestern
region of the Arabian Gulf, has been severely affected by massive algal blooms. Small
scale non-harmful algal blooms occur in Kuwait’s waters year round with seasonal large
scale harmful and non-harmful algal blooms being a normal phenomenon (Al-Yamani et
al. 2012; Sheppard et al. 2010). Non-harmful algal blooms consist of generally non-toxic
species such as Myrionecta rubrum, whereas harmful algal blooms tend to consist of
toxin producing species like Karenia brevis (formerly known as Gymnodinium breve and
Ptychodiscus brevis) [Glibert et al. 2002]. However, in cases where chlorophyll-a (Chl-a)
biomass is exceedingly high, it is considered harmful as well (Steidinger et al. 1998). The
annual occurrence of non-harmful and harmful algal bloom in Kuwait waters is a severe
hazard to coastal areas and can cause severe impacts on the economy.
The Kuwait Bay is of strategic economic and social significance as a source of
food for human consumption, drinking water through desalinization, and as a location for
recreation and tourism (Al-Yamani et al. 2004). Harmful and non-harmful algal blooms
can induce massive fish kills, clog desalinization filters, and can discolor and increase the
toxicity of the water restricting tourism. Over the last few decades there have been
several reported harmful algal blooms. The first documented report of the toxic
dinoflagellate Gymnodinium sp. (later identified and named Karenia selliformis) was
made in September of 1999. This bloom caused extensive aquaculture related fish kills in
Kuwaiti waters (Heil et al. 2001). In August and September 2001, hundreds to thousands
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of gilthead sea bream (Sparus auratus) in aquaculture net pen cages were killed per day
due to the toxic dinoflagellate Ceratium furca; various other species of harmful algae
(Gymnodinium catenatum, Gyrodinium impudicum, and Pyrodinium bahamense var.
compressum) were also observed during this time (Glibert et al. 2002). It has been
hypothesized that over the last several years there has been an increase in the frequency
of algal bloom occurrences (Rao and Al-Yamani, 1998). Overall the Kuwait Bay is
significantly impacted by algal blooms since they are detrimental to regional aquaculture
by reducing productivity, hinder desalinization operations, and inhibit recreation and
tourism triggering economic losses (Glibert et al. 2002).
Various controlling factors, contributing to the propagation of algal blooms, such
as the influence of nutrient loading, have been studied extensively (Al-Yamani et al.
2006). Prior research of eutrophication in Kuwait Bay indicated that nutrients are not
limiting at any time in Kuwaiti waters (Al-Yamani et al. 2006). However, positive
correlations between algal production and dissolved ammonia, nitrite and silicate do
suggest outflow from Shatt Al-Arab has a significant influence on algal growth in the
northern Arabian Gulf (Al-Yamani et al. 2006). Thus the question remains if there is an,
abundance of nutrients in the eutrophic environment, what are the controlling factors that
may control bloom development and distribution and can these factors be utilized to
predict algal bloom phenomenon.
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Research Objectives

This study is concerned with understanding harmful algal blooms (HAB),
developing HAB monitoring methods, producing a multipurpose HAB database, and
identifying factors that control the propagation of HABs in the Kuwait Bay. The research
objectives are:
1. Monitor algal blooms in Kuwait’s coastal waters.
2. Monitor toxic algal blooms in Kuwait’s coastal waters.
3. Develop a database that allows for archival, analysis, and dissemination of data
and results, including, but not limited to, temporal and spatial distribution of algal
blooms and relevant field data (e.g. species types of harmful blooms) collected
throughout the duration of the project.
4. Identify the factors that promote HABs in the Kuwait Bay and which could be
identified from remotely acquired data for the purpose of assisting in the
development of an early warning system. Potential examples of these factors
include high sea-surface temperature (SST) and high nutrient concentration.
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Ocean Remote Sensing

Remote Sensing Theory
Satellites retrieve data related to electromagnetic energy that consists of scattering
and absorption behavior related to constituents found in seawater (i.e. phytoplankton,
suspended solids, and colored dissolved organic matter). This data is related to the waterleaving radiance [LW (λ)] that is the result of extraterrestrial electromagnetic radiation
interacting with the ocean surface and its constituents, and then returning to space where
it is collected by passive satellite sensors.
Electromagnetic radiation behaves as both discrete quanta of radiation and as
electromagnetic waves (Jackson, 1975; Born and Wolf, 1990). Quantum radiation
propagates as photons, which are mass less bundles of energy released through atomic or
molecular changes of state. The energy Ê carried by each photon is determined by:
Ê = ђƒ

(Eq. 1)

where ƒ is the frequency in cycles-per-second or Hz, and ђ = 6.625 x 10-34 J s is Planck’s
constant. When the number of radiation sources is sufficiently large, discrete quanta
behave as classical waves. Maxwell’s equation describes electromagnetic waves of
radiation, where the parameters that describe the medium through which radiation
disseminates are the magnetic permeability µ, the electrical permittivity ε, and the
electrical conductivity σ. The three different media relevant to oceanographic studies are
vacuum (space), atmosphere, and ocean water (Martin, 2004). Each are assumed to be
homogenous isotropic media that are non-magnetic and contain no free cations.
Additionally, for each of these variables, µ = µ0, where µ0 is the vacuum permeability and
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ε and σ are constant. The atmosphere and vacuum electrical conductivity are assumed to
be zero (σ = 0), while in the ocean, the electrical conductivity is non-zero.

Figure 1: Electric and Magnetic Field Components of an Electromagnetic Wave for a
Plane-Polarized Wave.
Sinusoidal plane-wave solutions of the electromagnetic wave equation to
Maxwell’s equations states:
𝑬 = 𝑬𝟎 exp[i(𝒌𝑧 − 𝜔𝑡)]

(Eq. 2)

where an electric field vector E and a magnetic field vector B are perpendicular both to
each other and to the wave propagation direction and are in phase with each other at the
speed of light (3 x 108 m s-1)[Figure 1]. Equation 2 gives the notation for the electrical
field facet of the Sinusoidal plane-wave solutions of the electromagnetic wave equation
to Maxwell’s equations with an equivalent form for B. E0 is the complex wave amplitude,
k = k + ikim is the complex wavenumber with real and imaginary parts k and kim, and ω is
the wave frequency in radians per second. The wavenumber, k, is related to the
wavelength λ by k = 2π/λ. ω is related to the wave period T by ω = 2π/T and to the wave
frequency by ω = 2πυ. The wavelength λ has units of length, which are typically
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expressed in terms of m, µm [micrometers (10-6 m)], or nm [nanometers (10-9 m)]. Wave
frequency, υ, is in units of Hz, MHz [megahertz (106 Hz)] or GHz [gigahertz (109 Hz)].
The wave nature can be more simply expressed as:
𝜐 = 𝐶/ λ

(Eq. 3)

where 𝜐 represents frequency, C is related to the speed of light (3 x 108 m/sec) and λ
equals wavelength.
Satellites collect observations in the visible and near infrared wavelengths, which
enables the measurement of chlorophyll-a (Chl-a). Chlorophyll-a is the principle
photosynthetic pigment associated with eukaryotes and cyanobacteria. Chlorophyll-a
absorbs most energy from violet-blue and orange-red wavelengths of visible light, with
the greatest reflectance coming from the green-yellow wavelengths. Most oceanic plants
consist of unicellular or multi-cellular organisms called algae or phytoplankton.
Phytoplankton consists of thousands of species and make up about 25% of the total
planetary vegetation biomass (Martin, 2004). Phytoplankton utilizes photosynthesis to fix
inorganic carbon into organic carbon to produce chemical energy. Because Chl-a is the
only photosynthetic pigment that occurs in all phytoplankton, it can be used as a proxy
for ocean primary productivity as well as a means to measure phytoplankton abundance.
Ocean primary productivity is a measure of the rate at which phytoplankton convert CO2
into organic carbon, or more specifically, the rate at which their growth rate fixes carbon
from the atmosphere into organic species (µg / m-3 s-1). Overall, Chl-a pigment provides a
means for remote sensing observations of the ocean to analyze the distribution and
productivity of phytoplankton, both regionally and globally (Martin, 2004).

6

Figure 2: Conceptual Diagram Illustrating the Comparison of the Direct Reflection of
Sunlight with the Diffuse Reflection Associated with the Water-Leaving Radiance
Generated by Scattering within the Water Column (Adopted from Figure 5.1, Martin,
2004).

7

Figure 3: Conceptual Model of the Contributions Received at the Satellite (AquaMODIS) from Direct Reflectance, Path Radiance, Reflected Path Radiance, and WaterLeaving Radiance [Modified from Figure 6.11, Martin, 2004 (Adopted from Figure 4,
McClain et al., 1992)].
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Ocean Color
Over the last thirty years, technological advances in the capabilities of satellites to
observe and collect data have significantly improved the ability to accurately monitor the
oceans. Due to advances in technology and increases in the number of satellites orbiting
the Earth, satellites now provide rapid acquisition of large temporal and spatial datasets,
such as the global distribution of Chl-a, SST, and surface vector winds. The availability
of large temporal and spatial datasets provides new opportunities to analyze and monitor
variations of these parameters in the oceans.
The ocean covers approximately 71% of the Earth’s surface and contains 97% of
the Earth’s water, and also serves as an important ecosystem (Martin, 2004). Ocean
coastal environments contain about 25% of the total planetary vegetation and 80 to 90%
of world fish catches occur in these regions (Jeffrey and Mantoura, 1997). Ocean coastal
environments are significant sources of resources. The development of ocean remote
sensing based methods and monitoring systems are essential for sustaining these
resources regionally and globally.
The continuous development of new ocean remote sensing satellite systems and
technology is driven by societal concerns in regards to fisheries management, pollution,
oil spills, ocean acidification, and global climate change (Martin, 2004). Additionally,
nearly 50% of the Earth’s population lives in cities within 50 km of coastal waters. These
cities are also the areas experiencing the greatest population growth (Martin, 2004). As a
result, the further development of ocean remote sensing satellite systems is vital to
address societal health and natural resource concerns.
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Ocean remote sensing began in the United States in1970 with NASA launching a
series of oceanographic satellite mission. The success of these missions inspired the
former Soviet Union, Japan, and early members of the European Space Agency to
develop ocean remote sensing systems, which were in place by the 1980s and early
1990s. The overall success of early NASA ocean remote sensing missions led NASA to
focus on four major research areas: (1) sea-surface height (altimetry), (2) biological
ocean color (productivity), (3) properties of sea ice cover, and (4) ice and open ocean
applications of Synthetic Aperture Radar. These research areas inspired a succession of
further NASA missions (Martin, 2004).
The partnership between the Orbital Science Corporation and NASA enabled the
launch of the OrbView-2 spacecraft carrying the Sea-viewing Wide Field-of-view Sensor
(SeaWiFS) instrument in August1997. The SeaWiFS instrument one of the first passive
optical sensors that has bandwidths or bands (intervals within the electromagnetic
spectrum measuring the amount of electromagnetic radiation received) calibrated to
specifically measure water-leaving radiance and marine productivity, especially
biologically-related ocean color. Accurate comparisons between direct monitoring buoy
measurements with remote satellite observations have provided a means to develop and
fine-tune algorithms to determine chlorophyll-a concentrations from satellite data.
Following the success of SeaWiFS, the NASA Moderate Resolution Imagining
Spectroradiometer (MODIS) sensors attached to satellites Terra and Aqua were launched
in December 1999 and May 2002, respectively.
Onboard satellites Terra and Aqua is the MODIS sensor, which is a
visible/infrared instrument with a spectral range of 0.4 – 14.4 µm with 36 observing
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bands (Table 1). The MODIS is a hybrid cross-track scanner with a swath width of 2,300
km and a scan-angle range of ±55°; swaths are nearly contiguous at the equator and
provide global coverage every 1-2 days (Martin, 2004). Terra and Aqua follow
descending and ascending nodes, respectively, with a spatial resolution of 250 (Bands 12), 500 (Bands 3-7), and 1000 (bands 8-36) meters. However, during the data processing
stage, data can be reprocessed to a finer resolution. A problem occurred with TerraMODIS, such that a fixed telescope focused on a double-sided rotating paddle wheel
mirror has slightly different reflectivity on each side. As a result, Terra-MODIS
experiences calibration issues which led to Aqua-MODIS being the dominant satellite
utilized for research purposes. The MODIS instruments are capable of making
simultaneous observations of ocean color, sea-surface temperature, and many other
conditions.
Building on the successes of the SeaWiFS instrument, MODIS, which uses
similar bands for atmospheric corrections, could be used to more accurately analyze
ocean conditions. Because SeaWiFS only contains 8 bands and MODIS contains 36
bands, MODIS can identify several more spectral windows at narrower wavelength
intervals that SeaWiFS could not examine previously (Table 1; 2). The presence of
additional bands within MODIS enables the development of more accurate and
spectrally-sensitive algorithms.
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Table 1: MODIS Instrument Bands/Bandwidth. †Spectral Radiance of Band 21
[2.38W/m2 -µm-sr(335K)]. ††Spectral Radiance of Band 22 [0.67 38W/m2 -µmsr(300K)].
Primary Use

Band

Bandwidth

Land/Cloud/Aerosols
Boundaries
Land/Cloud/Aerosols
Properties

1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20
21
22
23
24
25
26
27
28
29
30
31
32
33
34
35
36

620 – 670 nm
841 – 876 nm
459 – 479 nm
545 – 565 nm
1230 – 1250 nm
1628 – 1652 nm
210 – 2155 nm
405 – 420 nm
438 – 448 nm
483 – 493 nm
526 – 536 nm
546 – 556 nm
662 – 672 nm
673 – 683 nm
743 – 753 nm
862 – 877 nm
890 – 920 nm
931 – 941 nm
916 – 965 nm
3.660 – 3.840 µm
†
3.929 – 3.989 µm
††
3.929 – 3.989 µm
4.020 – 4.080 µm
4.433 – 4.498 µm
4.482 – 4.549 µm
1.360 – 1.390 µm
6.535 – 6.895 µm
7.175 – 7.475 µm
8.400 – 8.700 µm
9.580 – 9.880 µm
10.780 –11.280 µm
11.770 – 12.270 µm
13.185 – 13.485 µm
13.485 – 13.785 µm
13.785 – 14.085 µm
14.085 – 14.385 µm

Ocean Color/ Phytoplankton/
Biogeochemistry

Atmospheric Water Vapor

Surface/Cloud Temperature

Atmospheric Temperature
Cirrus Clouds Water Vapor

Cloud Properties
Ozone
Surface/Cloud Temperature
Cloud Top Altitude
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Table 2: SeaWiFS Instruments Bands/Bandwidth and Center Wavelength.
Band

Bandwidth (nm)

Center Wavelength (nm)

1
2
3
4
5
6
7
8

402 – 422
433 – 453
480 – 500
500 – 520
545 – 565
660 – 680
745 – 785
845 – 885

412
443
490
510
555
670
765
865

Detection of ocean color is accomplished through the utilization of past analyses
and algorithms that were developed and improved upon following the launch of the
SeaWiFS instrument. To examine temporal and spatial changes in ocean color over the
last decade to the present, the Aqua-MODIS satellite sensor is the appropriate resource
for data retrieval. Current algorithms utilized for Aqua-MODIS were developed from
reflectance ratios, derived originally for the SeaWiFS platform. The operational biooptical algorithms for SeaWiFS, called the empirical algorithms, were derived from
regression analyses from research vessel chlorophyll concentration data and satellite
observations of LW (λ) (Appendix II).
Kuwait Bay and Coastal Waters
The spatial extent of the study area extends beyond the Kuwait Bay. The study
area is significantly influenced by discharge from Shatt Al-Arab (outflow 1456 m3.s-1)
and also by currents within the Arabian Sea (Lardner et al. 1993; Reynolds 1993). Shatt
Al-Arab is a major natural source of macronutrient loading (Shuhaibar and Riffat 2008).
The study area was extended to include Shatt Al-Arab and surroundings to: (1) examine
the impacts of Shatt Al-Arab and the currents within the Arabian Sea on the spatial and
13

temporal distribution of algal blooms in the Kuwait Bay, and (2) identify other factors
that may influence the onset of harmful algal blooms (HABs) in the Kuwait Bay. Figure 4
shows the areal extent of the Kuwait Bay and the inset shows the areal extent of the study
area that extends as far east as Shatt Al-Arab.
HABs have become a major concern over the last decade in the Kuwait Bay.
Major natural and aquaculture fish kills occurred from September to October of 1999.
This was one of the first recorded blooms of the toxic Gymnodinium sp. in the Kuwait
Bay and Arabian Sea; a subsequent bloom of Mesodinium rubrum (non-toxic) was
identified during this period as well (Heil et al. 2001). In August and September of 2001,
an immense fish kill occurred (>2,500 metric tons of Liza klunzingeri; wild mullet) that
was associated with the bacterium Streptococcus agalactiae and a bloom of the
dinoflagellate Ceratium furca; various other species of harmful algae (Gymnodinium
catenatum, Gyrodinium impudicum, and Pyrodinium bahamense var. compressum) were
also observed during this time (Glibert et al. 2002). HABs causing massive fish kills have
subsequently been identified throughout the Arabian Sea. For example, in 2008-2009 an
enormous toxic bloom of the dinoflagellate Cochlodinium polykrikoides killed thousands
of tons of fish throughout the Arabian Gulf and Gulf of Oman over a period of eight
months (Richlen et al. 2010).
Eutrophication of the Kuwait Bay is considered to be a predominant factor
influencing the onset of HABs due to enriched nutrient conditions (Heil et al. 2001).
Other potential factors that have influenced the onset of blooms consist of unusual
variances in temperature and calm conditions (Glibert et al. 2002). Mechanisms such as
upwelling events have also been found to increase nutrient concentrations, which may
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sustain highly productive waters and promote the onset of blooms (Madhupratap et al.
1996). Additional factors such as dust storms that carry micronutrients such as the
element Fe (Walsh and Steidinger 2001), domestic and industrial inputs of nutrients such
as phosphates and nitrates, natural meteorological and oceanographic forcings, and the
introduction of invasive species from ballast water discharge may all play a major role in
the onset and expansion of HABs (Richlen et al., 2010).

Figure 4: Location Map Showing Kuwait Bay and the Neighboring Coastal Waters Study
Area (Red Box in Inset).
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CHAPTER II

SPATIAL AND TEMPORAL DISTRIBUTION OF ALGAL BLOOMS
The first objective of this study was to monitor algal blooms in Kuwait’s coastal
waters. This was done by extracting temporally and spatially varying Chl-a
concentrations from satellite data. Chl-a concentrations were extracted from MODIS and
Medium Resolution Imaging Spectrometer (MERIS) data by applying various operational
algorithms that were developed for CASE I waters (i.e. OC3M, GSM, GIOP, OC4E) and
other bio-optical methods that were designed for CASE II waters (Carvalho et al. 2011;
Yacobi et al. 2011; Gitelson et al. 2009). CASE I waters have inherent optical properties
(IOPs) dominated by phytoplankton (e.g., most open ocean waters), and Case II waters
are all other waters. The Chl-a concentrations extracted using these algorithms were
compared to Chl-a data measured in-situ.
Chlorophyll-a CASE I waters
By applying operational algorithms that were developed for CASE I waters, it
was possible to produce satellite imagery that accurately portrayed the spatial and
temporal distribution of Chl-a. This was accomplished using the Sea Data Analysis
System (SeaDAS 6.4) software. Available MODIS images of Kuwait’s coastal waters
and surrounding areas were processed for the time period from July 2002 to the present,
and used to create Chl-a concentration images using various algorithms (i.e. OC3M,
GSM, GIOP) generated for CASE I waters (Appendix II). An example provided in Figure
5 shows the estimated concentrations of Chl-a based on a MODIS scene acquired on
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December 31, 2005, using the OC3M, GSM, and GIOP algorithms.

Figure 5: Estimates for Chl-a Concentration in the Study Area Using OC3M, GSM, and
GIOP Algorithms.
The data provided by the Kuwait Institute for Scientific Research (KISR) is
summarized in Table 3. The table lists: (1) locations from which samples (1–7 samples
per location) were collected from an observed algal bloom, (2) field and lab
measurements (i.e. in-situ Chl-a, cells/L, genus/species), and (3) Chl-a concentrations
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estimated using the OC3M, GIOP, and GSM algorithms. Correlation of the in-situ data
(Figure 6) with the estimated Chl-a concentration provides insights into which algorithm
can best detect the spatial distribution of the reported blooms and which yields Chl-a
concentrations that are most similar to those measured in the field.
The question of which algorithm can best detect the algal bloom distribution in
space and time was addressed by comparing the estimated distribution of blooms based
on satellite data with the in-situ measurements that were collected over approximately the
same time as the satellite acquisition period. In our analysis, a bloom predicted from
satellite-data was considered to be verified if: (1) the bloom was detected in a MODIS
scene acquired within 24-hours of the time a bloom was reported, and (2) the spatial
distribution of the inferred bloom overlaps with, or is proximal (≤20 km) to, the actual
sampled bloom. Appendix I shows which of the field-identified blooms were detected
using each of the algorithms and how far the predicted bloom area was from the location
of the analyzed samples. The optimal algorithm detects more of the blooms at the
locations where the field sample(s) were collected, or as spatially proximal as possible,
and estimates Chl-a concentrations that are closest to the reported concentrations.
Inspection of Figure 6 and Table 4 shows that the OC3M algorithm was the most
successful of the three: (1) the OC3M algorithm detected 19 of the reported blooms,
while the GSM and the GIOP detected 17 and 16 blooms, respectively; (2) the OC3M
detected more of the pixels that are proximal to the in-situ location (Table 4); and (3) the
OC3M estimates of Chl-a concentrations were closest to the reported concentrations as
described below.
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To test the satellite-based Chl-a concentration against the in-situ measurements,
the analyzed samples would preferably be collected within approximately the same
period as the satellite data. To minimize errors introduced by temporal variability in
seawater and atmospheric composition, pairs of satellite and field datasets acquired with
the smallest difference (<2 hours) between the time of samples collection and satellite
acquisition were used. Satellite data were extracted over the pixel centered on the
measurement site. The selected pixels were not flagged for cloud, sun glint (≥0.005 W/
m2 µm sr), excessive satellite viewing angles (θ ≥ 60°), excessive sun zenith angles (θ0 ≥
70°), or any of the other standard level 2 flags (refer to Appendix II; Zibordi et al. 2006;
Hooker et al. 2003). Only 19 of the 64 samples listed in Table 3 met these criteria. These
samples are plotted in Figure 6, which shows the estimated Chl-a (OC3M, GIOP, and
GSM) and the in-situ Chl-a concentrations. The OC3M algorithm showed the best
correspondence between the estimated and observed Chl-a concentration of 17 sampling
points from 12 days as evidenced from the calculated root mean square error (RMSE) and
average bias values. The RMSE value for the OC3M was the lowest of the three
algorithms (OC3M: 2.42; GIOP: 3.01; GSM: 5.19), and so was the average bias (OC3M:
32.2%; GIOP: 66.7%; GSM: 46.3%). A comparison of Chl-a data predicted from
MERIS using the OC2, OC3, and OC4E Chl-a algorithms with in-situ data yielded
reasonable RMSE values (OC2: 4.33; OC3: 4.11; OC4E: 3.92) and average bias values
(OC2: 57.6%; OC3: 54.2%; OC4E: 51.1). However, none of these MERIS-based
algorithms yielded better estimates for Chl-a concentration when compared to the OC3M
algorithm.

19

Similar findings have been reported elsewhere. For example, Tilstone et al.
(2013a) concluded that the OC3M algorithm performed better than GSM or GIOP in
calculating Chl-a in the coastal environments of the Arabian Sea. When comparing
MODIS Chl-a (OC3M) calculations to in-situ data, they found the following: (1)
calculated Chl-a concentrations were within 11% of the in-situ data, and (2) the OC3M
algorithm was less affected by errors in remote sensing reflectance and spectral variations
in the absorption of colored dissolved organic matter and total suspended solids then
other Chl-a algorithms (Tilstone et al. 2013a).
It is noteworthy that the MODIS sensor’s Chl-a product uses the OC3M algorithm
as the default algorithm. The operation algorithm OC3M was updated from OC (O’Reilly
et al. 2000) using an in-situ dataset from the National Operational Model Archive and
Distribution System (NOMADS) version 2. NOMAD is a publicly available, global biooptical dataset constructed from data archived in SeaBASS. These data span a wide range
of waters, including coastal and offshore regions, and were collected by the National
Aeronautics and Space Administration (NASA) Ocean Biology and Biogeochemistry
program. Figures 6 and 7 show good correspondence between the in-situ Chl-a
concentration and the proximity to the sample location of the estimated Chl-a
concentration using the OC3M algorithms.
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Figure 6: Scatter Plots of MODIS OC3M, GSM, and GIOP and MERIS OC4E Against
In-Situ Data.

21

Table 3: Sampling Location and Pertinent Information from In-Situ Data.
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Table 3–Continued
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Table 3–Continued
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Table 3–Continued
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Table 4: Detection of Algal Blooms at or Proximal to the In-Situ Location.
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Not only did the OC3M algorithm produce the best correspondence with the
reported Chl-a concentrations, it also showed the fewest failures in detecting the reported
blooms as described above. The OC3M algorithm detected 19 of the 50 reported blooms,
while the GSM and the GIOP detected 17 and 16 blooms, respectively. Table 3 indicates
that only 19 of the 50 reported blooms were identified using the OC3M algorithm. These
failures are probably related to one or more of these conditions: presence of clouds (e.g.,
Figure 8), pixels on land, saturated radiance values, high sensor view zenith angle (θ ≥
60°), high solar zenith angle (θ0 ≥ 70°), high glint radiance (≥0.005 W/ m2 µm sr)
atmospheric correction failures, stray light contamination, very low water leaving
radiance, reduced product quality, and suspect atmospheric correction. These conditions,
if met, merit flagging pixels and assigning null values to them. In the analysis of our data,
a total of 17 possible “flagging conditions” were applied (refer to Appendix II; level-2
flags). The removal of these flagged values served as a quality control measure.
Aside from the factors listed above and in Appendix II, it is suspected that
additional factors such as the size and lifespan of a bloom could also be responsible for
the failures to detect some reported blooms using the OC3M algorithm. These blooms
were either small in size (less than 1 km x 1 km) or were short lived. In other words, the
blooms did not last long enough to be recorded by the satellite sensor, which recorded
data only once a day. The OC3M algorithm predicted a greater number of events (124
events ≥5 mg/m3 from 2002–2012) than reported during the investigated period in
Kuwait Bay. This is likely due to sampling bias; the majority of the satellite-based
blooms that were not reported from field observations were in areas distant (>2 km) from
the shoreline where field observations are infrequent.
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Figure 7: Comparison of OC3M Calculated Chl-a Concentrations to In-situ Data.
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Figure 8: Cloudy Scenes Acquired over the Study Area from Aqua-MODIS.
Chlorophyll-a CASE II Waters
The use of traditional methods (cited above) that utilize the blue and green parts
of the spectrum alone to estimate Chl-a concentrations in optically complex waters,
particularly in waters where colored dissolved organic matter (CDOM) rather than
phytoplankton dominates the blue-light absorption, introduces large uncertainties and
continues to pose a challenge to the ocean color community (i.e. Hu et al. 2003). Two of
the popular CASE II water algorithms, the MODIS fluorescence line height (FLH)
algorithm and the MERIS-based near-infrared (NIR)–red algorithms, are considered in
this study.

29

The MODIS fluorescence bands focus on the red part of the spectrum where
chlorophyll fluorescence dominates the total signal; therefore the signal is less affected
by other interferences such as CDOM, shallow bottom, and even the atmosphere. For
example, Hu et al. (2005) found that chlorophyll calculations near the shore of SW
Florida may be over predicted by up to 30-fold and that this is likely associated with the
high concentrations of CDOM in coastal waters. Hu et al. (2005) used MODIS FLH that
utilizes the red part of the spectrum to examine whether the extracted Chl-a
concentrations were affected by interferences from CDOM, shallow bottom, and
atmosphere.
MODIS FLH predictions from SW Florida coastal waters showed a high
correlation (R = 0.92, n = 77) with near-concurrent in-situ Chl-a concentrations (range:
0.4 to 4 mg/m3), where Chl-a = 1.255 (FLH × 10)0.86 (Hu et al. 2005). However, many
factors, such as bloom taxonomy, nutrient availability, light history, and temperature
(Letelier and Abott 1996), could affect the fluorescence efficiency of phytoplankton (i.e.
the ratio between photons emitted to those absorbed), which may vary significantly (up to
one order of magnitude) both spatially and temporally. For this reason, this method was
used to qualitatively test for the presence of a bloom, but was not used to extract Chl-a
concentrations from remotely-sensed data.
It was demonstrated that two- and three-band reflectance models developed to
estimate the amount of pigment in terrestrial vegetation (Dall’Olmo et al. 2003, 2005)
could be used successfully to estimate Chl-a in turbid productive waters, where the
targeted spectral bands are around 670 nm, 710 nm, and 750 nm in the red and NIR
wavelength regions (Dall’Olmo and Gitelson 2006; Gitelson et al. 2007, 2008, 2009).
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These wavelength regions are represented by MERIS bands 7, 9, and 10, respectively.
The center wavelength and bandwidth of these MERIS bands are 665 ± 10, 708.75 ± 10,
and 753.75 ± 7.5 nm, respectively. These wavelength regions/bands were chosen for the
construction of NIR-red algorithms for turbid productive waters, as discussed by Gitelson
et al. (2011). The MERIS-based NIR-red model produced consistent good correlation
with Chl-a in-situ concentrations in waters with low to moderate concentrations (up to 25
mg/m3) of Chl-a (Yacobi et al. 2011). The MODIS NIR-red model did not work as well
as the MERIS-based model, possibly because the targeted wavelength regions are not
well represented by the MODIS bands (Yacobi et al. 2011). The MERIS-based NIR-red
model was successfully tested in several campaigns in different water bodies (Gitelson et
al. 2008, 2009; Moses et al. 2009a). The algorithms that were developed, parameterized,
and calibrated for lakes in Nebraska produced reliable Chl-a concentrations in Lake
Kinneret in Israel and in the Azov Sea in Russia (Moses et al. 2009b). This suggests that
the MERIS-based NIR-red algorithm, especially the two-band NIR-red algorithm, does
not need to be re-parameterized for waters with different biophysical properties. In other
words, these algorithms could be readily applied for turbid productive waters around the
globe (Yacobi et al. 2011).
The two-band MERIS algorithm is based on the following relationship:
𝐶ℎ𝑙 − 𝑎 ∝ (𝑅𝑏𝑎𝑛𝑑 7 )−1 × (𝑅𝑏𝑎𝑛𝑑 9 )

(Eq. 4)

The three-band MERIS algorithm is based on the following relationship:
𝐶ℎ𝑙 − 𝑎 ∝ [(𝑅𝑏𝑎𝑛𝑑 7 )−1 − (𝑅𝑏𝑎𝑛𝑑 9 )−1 ] × (𝑅𝑏𝑎𝑛𝑑 10 )

31

(Eq. 5)

This method was tested utilizing the available MERIS images over Kuwait’s
coastal waters and surrounding areas during reported bloom days (7/31/2005, 9/26/2005,
12/11/2005, 12/21/2009) and used to generate Chl-a concentration images with the twoband and three-band algorithms. Chl-a data extracted from MERIS data using the MERIS
three-band algorithm, when compared to in-situ data, showed poor correspondence
between the estimated and observed Chl-a concentration, as evidenced from the
calculated high RMSE values (RMSE: 5.23) and the high average bias values (bias:
70%). This might be attributed to the presence of Chl-a concentration exceeding 25
mg/m3 (Moses et al. 2009a; Yacobi et al. 2011). For this reason, this method was used to
qualitatively test for the presence of a bloom on a specific day but not to extract Chl-a
concentrations throughout the investigated period.
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CHAPTER III

SPATIAL AND TEMPORAL DISTRIBUTION OF HARMFUL ALGAL BLOOMS

The second objective of this study was to monitor harmful algal blooms (HABs)
in Kuwait’s coastal waters. Although the detection of Chl-a in water is not an
unequivocal indication of HABs, the concentration of Chl-a may be a better indicator,
because evidence points to frequently high Chl-a in HAB events (Franks 1997a, b;
Barlow et al. 2002; Bianchi et al. 2002; Doney et al. 2003; Davidson et al. 2009).
Various techniques that were successfully applied to map red tides elsewhere
were explored in this study of the Kuwait Bay. Special attention was paid to the
application of operational methods that are already in place elsewhere. In addition,
algorithms that were shown to be successful in predicting algal bloom occurrences
elsewhere and could potentially serve as operational methods were experimentally
recalibrated to be utilized in the Kuwait Bay. The emphasis on operational methods stems
from the fact that one of the project goals is to pave the way toward the development of
an early warning system.
Background subtraction methods (e.g., Stumpf et al. 2003; Miller et al. 2006) and
statistical methods (e.g., Gohin et al. 2008; Shutler et al. 2012) have been successfully
applied to monitor high-biomass algal bloom occurrences that are probably indicative of
HAB events. Bio-optical techniques were adopted to map the distribution of waters
containing high concentrations of K. brevis cells (Morel 1988; Carvalho et al. 2010,
2011).
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An operational algorithm that is currently being used in southwest Florida to
identify red tides was also developed in this study for the Kuwait Bay. The National
Oceanic and Atmospheric Administration (NOAA) HAB Forecasting System (HAB-FS)
implements a monitoring strategy that exploits this method (Carvalho et al. 2010, 2011;
Stumpf et al. 2003). Chlorophyll-anomaly alerts are issued to indicate possible K. brevis
blooms in the Gulf of Mexico (see http://tidesandcurrents.noaa.gov/hab).
Operational Methods
The applied operational method is described below. The results were compared to
field data (Table 3) to evaluate the sensitivity of the method. However, the operational
method cannot determine whether a bloom is harmful or not. Additional field data could
assist in answering this question. For example, examination of historical harmful bloom
events could reveal the likelihood of their recurrence in certain areas and under certain
conditions (i.e. SST, wind direction) within the bay. Examples are provided below.
In the operational method used here, a difference image is generated between a
current satellite Chl-a image and a derived background field (mean of previous 60 days)
with a 14-day window between the analyzed image and those used in the generation of
the background mean. This is done to avoid any mean biases in the presence of slowly
changing blooms. In this operational method, satellite-predicted Chl-a anomalies of 1
mg/m3 would correspond to a potential increase of 1 × 105 K. brevis cells per liter. This
concentration of K. brevis cells can cause major fish kills (Steidinger et al. 1998). Thus,
NOAA HAB-FS signals an alert indicating possible K. brevis blooms containing ≥1 × 105
cells/L whenever predicted Chl-a anomalies are ≥1 mg/m3.
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Although K. brevis blooms were reported in Kuwait Bay (Glibert et al. 2002), this
procedure was applied to map harmful algal blooms despite consisting of toxic or nontoxic species. Using this method, we detected from 32 to 130 blooms per year between
2002 and 2012. All reported field-verified blooms (harmful or non-harmful; Table 3)
were detected using this method except for those that occurred on cloudy days or were
flagged because of one or more of the conditions described previously (Appendix II)
Appendix IV lists the predicted blooms and flags those verified in the field. Many other
blooms were detected that were not reported from the field (Appendix IV). Failure to
identify many of these could be related to their small size and their distance from the
shoreline.
As described above, it cannot be determined with certainty whether some of the
predicted blooms are not harmful (i.e. false positives). To address this issue, a bio-optical
technique was applied to detect K. brevis blooms. The findings were then validated
through comparisons with reported K. brevis occurrences, and finally, the findings from
the operational method and the bio-optical method were used to identify harmful bloom
occurrences in the study area.
Bio-Optical Methods for Detecting K. brevis Blooms
A drop in remote sensing reflectance Rrs(λ) was noticed in Chl-a rich waters that
have high concentrations of K. brevis. This was attributed to a decrease in particulate
backscatter (bbp(λ)) rather than changes in absorption (Morel, 1988; Carvalho et al. 2010;
2011). Given these observations, a method was developed (Morel, 1988; Carvalho et al.,
2011) to detect K. brevis blooms based on two conditions:
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(1) Measured particulate backscatter (bbp(λ)) at 551 nm (bbpSAT(λ)) < particulate
backscatter calculated at λ = 550 nm (bpbMorel) (Morel 1988), and
(2) Chl-a concentration > 1.5 mg/m3.
The methods of Morel (1988) and Carvalho et al. (2011) were adopted to detect
K. brevis in Kuwait Bay. These methods were applied to generate satellite imagery data
products that were later added to the web-based GIS and the download sites. A K. brevis
bloom on December 21, 2009 was detected. This was one of the days when K. brevis
blooms were reported from the field (Table 3). The pixels that met condition 1, condition
2, and both conditions on December 21, 2009, are shown in Figures 9a, 9b, and 9c,
respectively. Figure 9c shows the location (concentric black circles) of the pixel area
from which samples containing K. brevis were collected and verified with lab analyses.
Also shown in Figure 9c are the Chl-a concentrations calculated using OC3M. The
collected K. brevis sample had a high Chl-a concentration. Using this technique, many of
the other reported K. brevis occurrences measured in the field were also detected. In
addition, many other HABs that were not reported from the field were predicted. As
described earlier, the lack of reporting for many of these could be related to their small
size and their distance from the shoreline. However, it cannot be ruled out that a number
of the identified HAB could be false positives. To address this issue, it is suggested that
users of the web-based GIS apply a two-step procedure that is based on the identification
of the blooms using the bio-optical method described above followed by the detection of
Chl-a concentrations that exceed a threshold value to reduce the number of false
positives.
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Figure 9: Bio-Optical Method for Detection of Reported K. brevis Occurrence on
December 21, 2009; (A) Criterion I: Calculated GIOP Particulate Backscatter > Observed
GIOP Particulate Backscatter (Red Pixels); (B) Criterion II: Chl-a GIOP > 1.5 mg/m3
Threshold (Red Pixels); (C) Spatial Distribution of K. brevis Utilizing Criteria I and II;
also Shown are the Locations (Black Circles) of Field-Detected K. brevis and OC3M Chla Concentrations.
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CHAPTER IV

DATABASE DEVELOPMENT

The third objective of this study is the development of a database that allows for
archiving, analysis, and dissemination of data and results, including, but not limited to
temporal and spatial distribution of algal blooms and relevant field data (e.g., species
types of harmful blooms) collected throughout the duration of the project.
Construction of a Web-Based Geographic Information System
The web-based GIS system developed for this study is a hybrid system consisting
of Google Maps, Python scripts, and the ArcGIS server, which hosts all the services. This
combination allows us to leverage preexisting ArcGIS services while also providing the
ability to incorporate more advanced tools. The overall design of the web-based GIS
system can be broken up into three distinct parts: data storage, GIS web server and
rendering tiers, and the front-end interface viewed by a user. ArcMap is used to create a
map file (.mxd) that can then be published to the service. Binary and spatial data are
stored in the ArcSDE (Spatial Database Engine), from which the ArcGIS server retrieves
the data to process requests for data rendering and manipulation. Requests made by the
user through the user interface are sent through the browser to the ArcGIS Server for
image rendering. The interface a user would encounter when visiting the website consists
of HTML and JavaScript components used to send requests to the server via
Asynchronous JavaScript and XML (AJAX), and to display images created by the GIS
web server at the correct location on Google Maps for the analysis of the data. The map
canvas used in this project is the Google Maps API, which allows the user to employ the
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high-quality GeoEye 2 images provided by Google in conjunction with our sensor data,
thus providing a more complete view of the area than was previously possible. Users of
our web-based GIS can access standard navigation (pan, move, zoom, etc.) available with
the Google Maps interface, as well as custom tools such as the transparency tools that can
make a displayed layer semi-transparent.
Utilization of the Web-Based Geographic Information System
A web-based GIS (http://www.esrs.wmich.edu/webmap/kuwait) was generated to
serve the following purposes: (1) host and archive all the generated products; (2) allow
the research team and users worldwide to conduct spatial analyses of the generated
products; (3) disseminate results; (4) allow users world-wide to access and analyze data;
and (5) assist in the identification of the factors that promote algal blooms in Kuwait Bay
(Objective IV) through the correlation of the observed spatial distribution of the
identified algal blooms with the spatial and temporal variations in other relevant factors
(e.g., SST and wind directions).
The web-based GIS is updated on a continuous basis. To date, all available
MODIS images have been processed for the period from July 2002 to present to generate
relevant images that display the temporal and spatial variations in variables of interest. A
wide range of relevant satellite derived data products were generated using SeaDAS for
this time period and are now hosted on the website (listed and described in Appendix II).
Examples of these data products include Chl-a, SST, water leaving radiance, FLH, and
particulate backscatter (Appendix II). Additional derived products extracted outside the
SeaDAS environment include wind speed, wind direction, and bathymetry (Appendix II).
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With the accumulation of all these digital products, the factors that promote algal blooms
and HABs in Kuwait Bay could be identified and investigated (Objective IV).
To download any of the generated data, users may visit
http://www.esrs.wmich.edu/webmap/kuwait/download, where they will be presented with
an HTTP directory browsing page. The download site contains the raw and processed
datasets in their entirety, whereas the web-based GIS contains selected suite of datasets.
From this webpage, the user is able to select a year (first download page; Figure
10a) then a month (second download page), day (third download page; Fig. 10b), the raw
data or the TIFFs folder for the selected day (fourth download page; Figure 10c), and
finally the desired TIFFs (fifth download page; Figure 10d). Different levels of processed
data can be found in different folders. For example, monthly folders contain raw levelzero products; daily folders contain level 1A, level 1B, and level 2 products; and the
TIFF folders contain the final TIFF outputs for individual products, most of which can be
viewed in the web-based GIS (Appendix II). Once the desired product is found, the user
can simply click on the name and the browser will download it.
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Figure 10a: First Download Page, Where a User can Select the Year(s) to Download.
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Figure 10b: Third Download Page, Where a User can Select the Day(s) to Download

Figure 10c: Fourth Download Page, Where a User can Select the Raw Data or Tiffs for
Day(s) to Download.
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Figure 10d: Fifth download page, where a user can select the raw data or TIFFs for day(s)
to download
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CHAPTER V

IDENTIFICATION OF REMOTELY-SENSED FACTORS THAT CAN HELP
DETECT ALGAL BLOOMS
The fourth objective of this study is to identify factors that promote HABs in the
Kuwait Bay and which could be distinguished from remotely acquired data. These factors
could then be used to assist in the development of an HAB early warning system.
Identification of the spatial and temporal distribution of the harmful algal blooms is the
first step in investigating the factors controlling their distribution. Therefore, HAB
distributions were correlated with observations extracted from relevant remote-sensing
datasets in a GIS environment to search for trends in spatial and temporal controlling
factors.
The generated datasets were utilized to extract spatial and temporal relationships
that could assist in the development of conceptual and quantitative models that identify
the significant factors that control distribution and development of algal blooms in
Kuwait Bay. The significance of these identified factors and other factors reported in
published literature were tested using statistical methods. Quantitative models were then
constructed, tested, and validated against field data, and finally, used as predictive tools.
Development of Conceptual Models
Using the chlorophyll-a concentrations calculated by the OC3M images, areas
prone to the development of high chlorophyll-a concentration algal blooms were
identified. This was accomplished by deriving an image that shows the frequency of
occurrence of predicted algal blooms across the study area. Figure 11 shows the
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frequency of reported and detected (using OC3M) algal bloom events with estimated and
measured Chl-a concentrations exceeding 5.0 mg/m3 throughout the period from 2002 to
2009. Inspection of the frequency maps shows that the areas that witnessed the largest
frequency of bloom occurrences include the area north of Umm Al-Namil Island, Ras
Ushairij, the Aquaculture Net Pens, and the area southwest of Shatt Al-Arab (Figures 11;
12). See Appendix I to view a full table of the measured blooms.
Using thresholds of 3, 4, and 5 mg/m3, 516, 301, and 192 Chl-a scenes were
identified, respectively, that showed Chl-a concentrations exceeding the identified
threshold values. Of these scenes, 371, 202, and 124 events were identified within
Kuwait Bay. Appendix III lists the days during which the blooms with concentrations
exceeding 5 mg/m3 were detected and the number of pixels that exceeded the threshold
value in each of these incidences. The reported blooms were also compared to the
detected blooms.
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Figure 11: Frequency of Reported (concentric circles) and Detected (using OC3M) Algal
Bloom events with Estimated and Measured Chl-a concentrations > 5.0 mg/m3
Throughout the Time Period 2002–2009.
It has been documented that the preferred environment for the onset of diatom-specific
and dinoflagellate-specific blooms may differ. Diatoms may survive in more turbid
environments, whereas dinoflagellates prefer semi-enclosed marine environments
(Pettersson and Pozdnyakov 2013). Research has shown that the hydrochemical
conditions may thus influence the predominance of a particular species (Pettersson and
Pozdnyakov 2013).
Many of the fish kills reported by the Environment Public Authority occurred
near Doha and Al-Hishan, both of which are semi-enclosed marine systems (Figure 12).
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The less-turbid conditions of Doha and Al-Hishan may have promoted the onset of
dinoflagellate-specific blooms. These semi-enclosed marine systems offer ideal
conditions to accommodate the onset of HABs by providing nutrients from surface
runoff, sediment re-suspension, and dust storms. In Doha and Al-Hishan, HAB events are
believed to be sustained predominantly by the shallowness and the associated
replenishment of nutrients from sediment re-suspension (Pettersson and Pozdnyakov
2013).
If OC3M Chl-a concentrations are used as an indication of the presence or
absence of blooms in areas 5 and 6 in Kuwait Bay (Figure 13), then reduced temperatures
are strongly correlated with bloom distributions and potentially control their occurrences
(Figure 14). It has been shown elsewhere that the timing of bloom onset is related to
increases in SST (Stumpf et al. 2003). One hypothesis is that dinoflagellate cysts are
transported with suspended sediments into Kuwait Bay and migrate westward to the
semi-enclosed marine systems near Al-Hishan/Sulaibikhat Bay and Ras Kazmah/Ras
Ushairij. These sheltered waters are nutrient rich as a result of the industrial and sewage
effluence from Doha Power Plant and other sources and tend to be eutrophic. Once the
suspended dinoflagellate cysts are deposited in these highly nutrient-rich semi-enclosed
systems, they are significantly influenced by temperature controls, which likely influence
the onset of bloom events (Tilstone et al. 2013b; Anderson et al. 2002; Burkholder and
Glasgow 1997).
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Figure 12: Location of Reported Blooms by Genus and Species (from: Environment
Public Authority Reports). Black Symbols and Text Represent Non-Toxic Species. Red
Symbols and Text Represent Toxic Species.
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Figure 13: Sampling Zones 1–6 for which Time Series were Developed to Investigate
Spatial Correlation of Chl-a (Indicative of Bloom) with Potential Factors Controlling
Bloom Propagation.
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Figure 14: Time Series for Chl-a and SST Given in Figure 13 for (A) Zone 5 and (B)
Zone 6.
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The hypothesis that blooms in Kuwait Bay originated at Shatt Al-Arab, where the Tigris
and Euphrates discharge into the Arabian Sea was investigated. This hypothesis was
supported by the observation that the frequency of bloom occurrences shows a significant
temporal correspondence between the blooms in Kuwait Bay and those at the mouth of
Shatt Al-Arab, which suggests a causal effect (Figure 15; 16). The onset of blooms in
Shatt Al-Arab correlating with increased discharge at Shatt Al-Arab was also
investigated. The river discharge is usually loaded with suspended sediments and thus
could potentially be identified from satellite data (Figure 15; 16).

Figure 15: Frequency of Occurrence of Algal Blooms (>5 mg/m3) in Kuwait Bay and
Surroundings as Predicted by OC3M
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Figure 16: Frequency of Occurrence of Algal Blooms in Kuwait Bay and Surroundings as
Predicted from OC3M Throughout the Time Period 2002–2012; (A) 3 mg/m3 Threshold;
(B) 4 mg/m3 Threshold; (C) 5 mg/m3 Threshold.
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Nutrients supplied by desert storms could also promote algal bloom development.
Desert storms have been observed using true color images (Figure 17). Saharan dust has
been documented to provide nutrients, such as iron, which have influenced the onset of
blooms of Karenia brevis off the west coast of Florida (Walsh and Steidinger 2001).

Figure 17: Dust storms over Iraq and Kuwait, North of the Kuwait Bay and Shatt Al-Arab
Acquired 07/04/2009 from Aqua-MODIS.
To quantitatively assess the degree to which these factors might have influenced
the distribution of blooms in Kuwait Bay, multivariate regression model, hybrid
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multivariate regression model, artificial neural network model, and hybrid artificial
neural network models were developed (Muttil and Chau 2006).
Construction of Quantitative Models
Although the general responses of phytoplankton to environmental conditions
have been extensively studied, the causality and dynamics of algal blooms are extremely
complicated and are not well understood (Lee et al. 2003). Therefore, there is a growing
tendency to use statistical techniques that are data-driven approaches to complement or
replace relationship or trend based approaches to model and predict algal bloom
occurrences (Muttil and Chau 2006; Lee et al. 2003; Xiyun 2001). In this study, various
modeling approaches were used to model and predict the occurrence of bloom events in
Kuwait Bay. The model types, inputs, parameters and their respective results are
described in the following sections.
To identify the factors that contribute the most to the propagation of algal blooms,
a multivariate regression model, a hybrid multivariate regression model, an artificial
neural network model, and a hybrid artificial neural network model were developed.
These models utilized multiple variables that are believed to contribute to the onset of
algal blooms. A full description of the variables used in these models is given below (see
pg. 58–66). Sampling data (variables) was collected for days where blooms were reported
and for bloom-free days. For the days when blooms were reported, data was collected
from bloom and non-bloom locations. Data from multiple sampling points were collected
for the bloom and non-bloom days. For each of the sampling points, the values for the
listed variables were collected.
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Identification of Controlling Factors
To predict algal bloom occurrences, various controlling factors believed to
contribute to the spatial and temporal onset of algal blooms were identified. These
variables were chosen mainly from remote-sensing products. A full description of each
variable is listed below.

Chlorophyll-a OC3M (Aqua-MODIS):
The OC3M product provided by NASA Ocean Biology Processing Group
provides an accurate (R2: 0.86) representation of the Chl-a concentration. The product
algorithm is based on a semi-analytical, bio-optical model of remote-sensing reflectance
that uses water-leaving radiance, photosynthetically active radiation (PAR), and
absorption coefficients to determine the difference in radiance between clear ocean water
and that of chlorophyll-a rich waters. The model is inverted to obtain the absorption
coefficient due to phytoplankton at 675 nm, and the Chl-a concentration is derived from
this coefficient. The algorithm was thoroughly tested during the SeaWiFS project, and
post-launch validation was conducted using data from instrumented collection cruises
through ocean test sites (data obtained from
http://modis.gsfc.nasa.gov/data/dataprod/pdf/MOD_21_36.pdf).

Chlorophyll-a GIOP (Aqua-MODIS):
In 2008, NASA proposed to provide the datasets, processing framework, and
international forum within which a new generation of global inherent optical properties
(IOP) products could be developed and evaluated. The theoretical basis of Generalized
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IOP (GIOP) is as published by NASA: remote-sensing reflectance values (R rs (λ); sr −1 )
are related to absorption (a(λ); m−1 ) and scattering coefficients via the following
equation:
𝑏

𝑅𝑟𝑠 = 𝐺 𝑎+𝑏𝑏

𝑏

(Eq. 6)

where 𝑏𝑏 (𝑚−1 ) is the total backscattering coefficient and all terms are spectral. 𝐺(𝑠𝑟 −1 )
varies with illumination conditions, sea surface properties, and the shape of the marine
volume scattering function. The absorption coefficient can be expanded as the sum of all
absorbing components, and each component can be further expressed as the product of its
concentration-specific absorption spectrum (eigenvector: 𝑎∗ ) and its concentration
(eigenvalue: 𝐴):
∗
∗
𝐴 = 𝑎𝑤 + 𝐴𝑑𝑔 𝑎𝑑𝑔
+ 𝐴𝜙 𝑎𝜙

(Eq. 7)

where the subscripts w, dg, and ϕ indicate contributions by water, dissolved organic
matter (gelbstoff) + non-algal particles (detritus), and phytoplankton, respectively.
The dg combination cannot currently be decomposed into its two components using
remote-sensing methods. Total backscattering can be expanded to the following:
∗
𝑏𝑏 = 𝑏𝑏𝑤 + 𝐵𝑏𝑝 𝑏𝑏𝑝

(Eq. 8)

where the subscripts 𝑏𝑤 and 𝑏𝑝 indicate contributions by water and particles,
respectively. Both 𝑎𝑤 and 𝑏𝑏𝑤 are known. Using 𝑅𝑟𝑠 as input, eigenvalues for absorption
and scattering (𝐴 and 𝐵) can be estimated via linear or nonlinear least-squares inversion
of Eq. (6) (see http://oceancolor.gsfc.nasa.gov/WIKI/GIOP.html).
Chlorophyll-a GSM (Aqua-MODIS):
The Chl-a Garver-Siegel-Maritorena (GSM) model data product is a semianalytical, bio-optical closure model used to derive inherent optical properties and
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chlorophyll concentration from surface reflectance. This product and others were derived
from the bio-optical model inversion algorithm of Maritorena et al. (2002). The following
are products specifically produced with GSM:
(1) Absorption due to CDOM and detritus at 443 nm (adg_443_gsm, also called
acdm),
(2) Particle backscatter at 443 nm (bbp_443_gsm), and
(3) Chlorophyll concentration (chl_gsm).

Daily mean PAR (Aqua-MODIS)
The PAR product measures the average daily photosynthetically active radiation
that reaches the ocean surface. This product is expressed as the quantum energy flux
measured in units of Einstein/m2/day from the sun in the spectral range 400–700 nm
(Frouin et al. 2003) (see http://oceancolor.gsfc.nasa.gov/DOCS/seawifs_par_wfigs.pdf).

Precipitation (TRMM)
Precipitation was derived from the Tropical Rainfall Measuring Mission
(TRMM), which has a daily overpass temporal resolution and a spatial resolution of 0.25°
× 0.25°. This product provides the amount of precipitation in millimeters during the time
of the satellite overpass.

Wind angle (QuikSCAT)
The QuikSCAT products of ocean surface winds at 10 m height, as processed by
NOAA/NESDIS, are retrieved using observation data from the NASA/JPL SeaWinds
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Scatterometer aboard the QuikSCAT. The empirical retrieval model currently used is
referred to as QSCAT1; it relates the normalized radar cross-section to wind speed and
direction. The QuikSCAT product has a spatial resolution of 30° × 20° (25 km) between
latitudes 80°N to 80°S and longitudes 180°W to 180°E with a temporal resolution of
daily coverage. Data was obtained and downloaded from the NASA/JPL Physical
Oceanography Distributed Active Archive Center (PODAAC) Live Access Server
(http://thredds.jpl.nasa.gov/las/getUI.do).
Wind direction was calculated using the average wind velocity U and V
components for either the ascending or descending track. The decision to use either the
ascending or descending track was based on the spatial coverage proximal to Kuwait
Bay.

Wind direction (QuikSCAT)
The QuikSCAT products of ocean surface winds at 10 m height, as processed by
NOAA/NESDIS, are retrieved using observation data from the NASA/JPL SeaWinds
Scatterometer aboard the QuikSCAT. The empirical retrieval model currently used is
referred to as QSCAT1; it relates the normalized radar cross-section to wind speed and
direction. The QuikSCAT product has a spatial resolution of 25 km between latitudes
80°N to 80°S and longitudes 180°W to 180°E, with daily temporal resolution. Data was
obtained and downloaded from the NASA/JPL Physical Oceanography Distributed
Active Archive Center (PODAAC) Live Access Server
(http://thredds.jpl.nasa.gov/las/getUI.do).
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Wind direction was categorized into eight groups (north [N], northeast [NE], east
[E], southeast [SE], south [S], southwest [SW], west [W], and northwest [NW]). The
range for each of the eight wind groupings is as follows: N = 337.5°–22.5°; NE = 22.5°–
67.5°; E = 67.5°–12.5°; SE = 112.5°–157.5°; S = 157.5°–202.5°; SW = 202.5°–247.5°;
W = 247.5°–292.5°; and NW = 292.5°–337.5°.

Distance to nearest river
The distance to the nearest river was calculated by measuring the distance from
the mouth of the nearest river (e.g., Al-Bashra) to the sampling points.

Distance to shore
The distance to shore was determined by first creating a digitized polygon around
the Kuwait Bay shoreline and then measuring the distance from the sampling point to the
nearest point on the polygon.

Distance to aquaculture
The distance to aquaculture was determined by producing a node at the location
of the aquaculture. The distance between the sampling point and the aquaculture point
was then measured.

Bathymetry
Bathymetric data (spatial resolution: 1 km × 1 km) was obtained from the British
Oceanographic Data Centre; it was distributed as the General Bathymetric Chart of the
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Oceans (GEBCO). The data consists of a global 30-arcsecond gridded dataset that was
generated by interpolating quality-controlled ship depth soundings guided by satellitederived gravity data. The spatial resolution of this data is 1 km × 1 km. In some areas, the
existing grid was improved upon by incorporating other relevant datasets. Land data are
largely based on the Shuttle Radar Topography Mission (SRTM30) gridded digital
elevation model (GEBCO).

Sea-surface temperature (Aqua-MODIS)
The sea-surface temperature was derived when processing the Aqua-MODIS level
2 products. The Level 2 product is produced daily, consists of global day and night
coverage every 24 hours, and provides temperature at a 1-km spatial resolution. Data was
downloaded from http://modis.gsfc.nasa.gov/data/dataprod/pdf/MOD_28.pdf.

Colored dissolved organic matter
This product quantifies the deviance in the relationship between CDOM and Chla concentration, ф, where 1.0 represents the mean relationship for Morel and Prieur Case
1 waters (waters distinguished for low suspended solids and colored dissolved organic
matter), and values above or below 1.0 indicate excess or deficit in CDOM relative to
that mean relationship, respectively (Morel and Gentili 2009).
This is obtained by utilizing spectral reflectance values from the ocean, R, as
derived from ocean color remote data at wavelengths, 412, 443, 490, and 555 nm from
Aqua-MODIS. Two ratios of spectral reflectance were utilized: R (412)/R (443) and R
(490)/R (555). The R (412)/R (443) ratio is sensitive to CDOM; R (490)/R (555) is more
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influenced by Chl-a concentration. As a result, the spectral signatures of CDOM and
Chl-a, which are not readily differentiated, can be more easily recognized using the two
ratios (Morel and Gentili 2009). The affiliated deviations in these ratios were established
utilizing a bio-optical model for Case 1 waters (Morel, 1988). This model provides a
mean relationship between CDOM and Chl-a and ultimately produces a unique curve
related to the R (412)/R (443) and R (490)/R (555) ratios. Deviation with respect to the
mean relationship was represented as, ф, with ф > 1 (excess) or ф < 1 (deficit) applied to
the CDOM/Chl-a ratio (Morel and Gentili 2009).

Turbidity index
The turbidity index product is derived from the enhancement of reflectance in the
green part of the spectrum when sediments are present. Specifically, in turbid conditions,
an increase in reflectance in the green segment and a decrease in the blue segment of the
spectrum is observed. Thus, the “blue-to-green ratio” can be used as a measure of the
turbidity of the investigated waters (Morel and Bélanger 2006).

Euphotic depth (MOREL)
The euphotic depth (Morel et al. 2007) product provides a measure of the ocean
depth below which available light is insufficient to support substantial photosynthetic
activity. Specifically, it is the depth at which visible light has been reduced to 1% of the
light incident at the ocean surface (solar irradiance integrated over the 400–700 nm
range). The algorithm is based on an empirical relationship between the euphotic depth
and chlorophyll concentration. Both the euphotic depth (MOREL product produced by
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NASA) and the standard chlorophyll product (OC3M) are provided as inputs to the
algorithm.

Secchi disk depth
The Secchi disk depth product provides a predictive measurement of the vertical
visibility of a water column, determined by the depth at which a Secchi disk disappears
(See Appendix II: Product Specifications).

Statistical Models: Multivariate Regression & Artificial Neural Network
Algal blooms are likely to occur under the same conditions that caused earlier
events. Thus, the development of a well-documented algal bloom inventory for the study
area represents a fundamental requirement for statistical algal bloom predictions. The
generated inventory includes three types of sampling points (SPs): (1) SPs from algal
bloom events that were reported in the field and confirmed by remote-sensing
observations; (2) SPs from locations in the bay where blooms were not detected on days
where algal bloom events were field-reported elsewhere in the bay; and (3) SPs from
days when no significant blooms were reported from either field or remote-sensing
observations. A total of 1942, 2716, and 1317 picture elements were sampled for
categories 1, 2, and 3, respectively.
Multivariate Regression Model
The multivariate regression technique derives patterns in the data and generates
the best fitting multivariate linear relationship between the controlling variables and the
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observed algal bloom occurrences. A multivariate regression model can be expressed as
follows:
y = α + β1 × v1 + β2 × v2 + … + βn × vn

(Eq. 9)

where α denotes the intercept of the equation; v1, v2,…vn are the controlling variables;
β1, β2,…, βn are the coefficients that need to be estimated for the controlling variables
using a maximum likelihood optimization procedure; and y denotes the algal bloom
occurrence likelihood (Freedman 2009).
Before a multivariate regression was conducted, a bidirectional stepwise
regression was adopted to determine the order of significance of the different controlling
factors. This process was done automatically in Minitab 6.0, which evaluated the effect of
the addition and elimination of each variable. The stepwise approach revealed the order
of significance of the various factors shown in Table 5.
The generated model using the multiple regression approach is expressed using
the following formula:
p = 0.507077 + 0.0685799 OC3M + 0.0269048 GIOP + 0.0291442 GSM + 0.00252485
PAR – 0.00793753 SST + 0.00239784 Bathymetry – 0.0405689 Precipitation +
3.95738e-006 Dist. Shore + 2.9657e-006 Dist. River – 6.57375e-006 Dist. Aqua +
0.00166195 Wind Speed + 0.00179047 Wind Direction – 0.084004 Turbidity Index –
0.00841252 CDOM + 0.0479289 Euphotic Depth – 0.192486 + Secchi Disk Depth.
Statistical modeling does not have scientific significance without the validity of
the results being field verified. This was accomplished by assessing the predictive
capability of the model. To do so, the available samples were portioned randomly into
two subsets: 80% of the samples were used to generate the model and 20% were used to
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test its validity. A total of 1195 (20% of the total points) sampling points were not
included in the model generation process and were used for the independent validation.
To assess the model validity, model outcomes were calculated for the 20% subset
(i.e., 1137 samples) and then compared with the initial observations (presence or absence
of bloom). These comparisons were done using the receiver operating characteristic
(ROC) test, which is widely used as a measure of the performance of a predictive rule
(Malek et al. 2011; Liu et al. 2013).
The ROC is defined as a curve connecting the sensitivity and the 1-specificity.
Sensitivity is the fraction of positive occurrences of bloom events that are correctly
predicted, whereas 1-specificity is the fraction of incorrectly predicted cases that did not
occur. The area under the ROC curve (AUC) characterizes the quality of a forecast
system by describing the system’s ability to anticipate the occurrence or non-occurrence
of predefined events correctly. The higher AUC percent represents precision of predicting
the positive occurrences of events. The multiple regression model AUC is 64% (Figure
18).

Figure 18: ROC Curve for the Multiple Regression Model.
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Table 5: Order of Significance of the Different Variables and the Corresponding
Coefficient of Determination (R2) for the Constructed Models Using Various

77.20%

77.20%

77.10%

77.07%

76.85%

76.62%

76.37%

76.12%

Secchi disk
depth
Dist. to
Shore
Precipitation
PAR
Dist. to
River
Bathymetry
SST

75.78%

75.34%

Euphotic
Depth

74.80%

73.33%

GSM
GIOP

71.93%

Dist. to
Aquaculture

52.46%

70.32%

OC3M

64.12%

Combinations of Inputs.

Turbidity
Index
CDOM
Wind
Direction
Wind Speed

Hybrid Multivariate Regression Model
The generated inventory includes three types of SPs. The discrimination between
SPs 1 and 2 allows the identification of the spatial variables (i.e. distance to shore,
distance to aquaculture) that control the bloom distributions in the bay. The
discrimination between SPs 1 and 3 allows the detection of the temporal variables (i.e.
SST, wind speed, wind direction) that control algal bloom development. The combination
of the two discriminator models allows the detection of the temporal and spatial
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conditions of bloom occurrences, and it allows the generation of a predictive tool for
future bloom development using the spatiotemporal characteristics of past blooms in the
bay (Figure 19).

Figure 19: Schematic Diagram of the Components of the Constructed Hybrid Model.
All 16 variables are spatially dependent and are thus all used in the spatial model.
However, only 12 are used in the temporal model because the distance to shore, distance
to river, bathymetry, and distance to aquaculture are not time-dependent variables.
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The stepwise approach revealed the order of significance of the time-dependent factors in
the temporal model shown in Table 6.
Table 6: Relative Order of Significance of the Time-Dependent Controlling Factors and
the Corresponding Coefficient of Determination (R2) for the Constructed Models Using

91.29%

91.29%

91.26%

91.23%

91.16%

91.01%

90.89%

90.77%

90.48%

80.79%

88.79%

SST
Secchi disk
depth
Wind
direction
OC3M
Wind Speed
GSM
Precipitation
PAR
Euphotic
Depth
CDOM
GIOP
Turbidity
Index

88.72%

Various Combinations of Inputs.

The generated temporal model using the multiple regression approach is expressed using
the following formula:
p = 2.02656 + 0.0350095 OC3M – 0.00347044 GIOP + 0.0691089 GSM – 0.00106224
PAR – 0.0520064 SST – 0.0422366 Precipitation – 0.0100018 Wind Speed + 0.0392279
Wind Direction – 0.00927603 Turbidity Index + 0.00733844 CDOM + 0.00978819
Euphotic Depth – 0.0989412 Secchi Disk Depth.
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To assess the model validity, model outcomes were calculated for the 20% subset
(i.e. 651 samples) and then compared with our initial observations (presence or absence
of bloom). The resulting ROC curve is shown in Figure 20. The model AUC is 71%.

Figure 20: ROC Curve for the Temporal Multiple Regression Model.
The stepwise approach revealed the order of significance of the spatiallydependent factors in the spatial model shown in Table 7. The generated spatial model
using the multiple regression approach is expressed using the following formula:
p = 0.00871641 + 0.0540274 OC3M + 0.020884 GIOP + 0.10859 GSM + 0.00467624
PAR + 0.0144941 SST + 0.00204978 Bathymetry – 0.0221528 Precipitation + 1.07612e006 Dist. Shore + 2.03135e-006 Dist. River – 2.42062e-006 Dist. Aqua. + 0.0221319
Wind Speed – 0.0152661 Wind Dir. Cat – 0.16267 Turbidity Index + 0.00310794
Colored Dissolved Organic Matte + 0.0561949 Euphotic Depth – 0.298061 Secchi Disk
Depth.
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To assess the model validity, model outcomes were calculated for the 20% subset
(i.e. 932 samples) and then compared with our initial observation (presence or absence of
bloom). The resulting ROC curve is shown in Figure 21. The model AUC is 62%.
Table 7: Relative Order of Significance of the Spatially-Dependent Controlling Factors
and the Corresponding Coefficient of Determination (R2) for the Constructed Models
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61.24%

Using Various Combinations of Inputs.

Figure 21: ROC Curve for the Spatial Multiple Regression Model.
The final structure of the hybrid model that combines both the temporal and spatial predisposing factors is illustrated in Figure 22.

Figure 22: Flow Chart for the Applied Multivariate Regression Hybrid Model.
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To assess the model validity, model outcomes were calculated for the 20% subset
(i.e. 1137 samples) and then compared with our initial observations (presence or absence
of bloom). The resulting ROC curve is shown in Figure 23. The model AUC is 91%.

Figure 23: ROC Curve for the Hybrid Multiple Regression Model.
Artificial Neural Network Model
The growth of algae is known to be governed by highly nonlinear processes (i.e.
the nutrient uptake rate, the temperature dependence of the algal growth rate; Lee et al.
2003). To introduce nonlinearity into the system, we are working on developing an
artificial neural network (ANN) model. ANN makes use of nonlinear and complex
learning and prediction algorithms to extract the complex relationships among the various
factors controlling algal bloom occurrences. ANNs constitute a class of computational
models that are inspired by the biological functioning of the human brain. The model can
be trained by data samples to provide projections and detect patterns in the training data.
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In this study, a pattern-recognition neural-network module of Matlab R2013a was
used to uncover the spatiotemporal algal bloom patterns in the study area. The adopted
pattern-recognition neural-network architecture is based on a structure known as the
multilayer perceptron (MLP). Figure 24 provides a simplistic flowchart of our
constructed ANN using the selected 16 controlling factors (i.e., OC3M, GIOP, GSM,
photosynthetic radiation, turbidity index, colored dissolved organic matter, euphotic
depth, Secchi depth, bathymetry, distance to shore, distance to river, distance to
aquaculture, sea surface temperature, precipitation, wind speed, and wind direction). The
constructed model architecture and parameters are discussed in the following paragraphs.
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Figure 24: Schematic Diagram for the Constructed Pattern-Recognition ANN; Wij and βij
Refer to the Weight and Bias Terms, Respectively Assigned Between Input Neuron i and
Hidden Neuron j During the Learning Procedure; f is the Transfer Function, xi is the
Input from Input Neuron i, and yj is the Output Corresponding to the Hidden Neuron j.
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The widely used back-propagation learning algorithm in pattern-recognition
modeling was applied in this study. A set of examples for which both the input variables
(10 controlling factor values) and the correct output values (presence or absence of debris
flows) are known, weights (w) and biases (β) were assigned to the connections in a
random manner, and comparisons were made between a random portion of the training
samples calculated and expected outputs. The training process is illustrated in the
following flowchart (Figure 25).

Figure 25: Simplistic Flowchart of the ANN Training Phase Modified from Quan and
Lee, (2012)
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The S-shaped sigmoid transfer function was adopted. It is widely used for the assessment
of complex and nonlinear phenomena such as algal bloom occurrence (Lee et al. 2003).
The number of neurons in the hidden layer was calculated using the equation proposed by
Hecht-Nielsen (1987) and used by many scholars in environmental studies (i.e. Yilmaz
2009; Conforti et al. 2014):
𝑁ℎ = 2 ∗ 𝑁𝑖 + 1

(Eq. 10)

where Nh is the number of hidden neurons and Ni is the number of input neurons that is
equal to the number of input controlling factors. The number of inputs in this study is
equal to 16; thus the number of neurons used is 33. To assess the model validity, model
outcomes were calculated for the 20% subset (i.e. 1137 samples) and then compared with
our initial observations (presence or absence of bloom). The resulting ROC curve is
shown in Figure 26. The model AUC is 95%.

Figure 26: ROC Curve for the Artificial Neural Network Model.
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Hybrid Artificial Neural Network Model
The hybrid neural network was built using (1) the same framework as the multiple
regression model by combining a temporal and a spatial model to discriminate between
different sets of sampling points as shown in Figure 14, and (2) the same architecture and
parameters as described in Section 4.2.4, where the term “parameters” refers to the ANN
structure (i.e. multi-layer perceptron), learning algorithm (i.e. back-propagation learning
algorithm), transfer function (i.e. sigmoid transfer function) and number of hidden
neurons (see: Eq. 10).
The ANN temporal model was assessed using a 20% subset (i.e. 651 samples) and
then compared with our initial observations (presence or absence of bloom). The
resulting ROC curve is shown in Figure 27. The model AUC is 99.8%.

Figure 27: ROC Curve for the Temporal Neural Network Model.
The ANN temporal model was assessed using a 20% subset (i.e. 932 samples) and
then compared with our initial observations (presence or absence of bloom). The
resulting ROC curve is shown in Figure 28. The model AUC is 99.1%.
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Figure 28: ROC Curve for the Spatial Neural Network Model.
The final ANN hybrid model that combines both the temporal and the spatial
model was assessed using a 20% subset of the entire data (i.e. 1137 samples). The
corresponding ROC curve is shown in Figure 29. The model AUC is 99.9%.

Figure 29: ROC Curve for the Hybrid Neural Network Model.
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CHAPTER VI
SUMMARY, RESULTS AND CONCLUSIONS

Monitoring algal blooms in Kuwait’s coastal waters
Remote monitoring of algal blooms in Kuwait Bay was achieved through the
temporal and spatial extraction of Chl-a concentration from satellite data. Chl-a
concentration was obtained using Aqua-MODIS and MERIS data by applying various
algorithms and processing techniques that were developed for Case I waters and adjusted
for Case II waters (Carvalho et al. 2011; Yacobi et al. 2011; Gitelson et al. 2009).
Extracted Chl-a concentration using these algorithms was compared to in-situ Chl-a
measurements.
By comparing Chl-a data from satellite sensor data products (Aqua-MODIS and
MERIS) with in-situ measurements, the algorithm that most accurately represents the insitu measurements could be determined. The OC3M (Aqua-MODIS) and OC4E
(ENVISAT-MERIS) algorithms most accurately predicted Chl-a concentrations in
Kuwait Bay. Due to the poor temporal resolution and the decommissioning of
ENVISAT-MERIS, it was decided to only use Aqua-MODIS data. Prediction of algal
blooms using additional default and experimental algorithms such as Generalized
Inherent Optical Properties, Garver, Siegel, Maritorena Model, OC2, MODIS
fluorescence line height, and the MERIS-based NIR-red algorithms was attempted.
However, monitoring capabilities of these algorithms were less accurate than the OC3M
algorithm. Because OC3M detected the most reported in-situ algal bloom events (19/50)
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with 26 failures due to cloud cover, and most accurately measured Chl-a concentration
(root mean square [RMS]: 2.42; RMSE: 4.11; mean bias: 54.2%), the Aqua-MODIS
OC3M was selected as the preferred algorithm to remotely monitor Chl-a concentration
and to detect algal blooms in Kuwait Bay and its surroundings.
Harmful and Non-harmful algal blooms in Kuwait’s coastal waters
High chlorophyll concentration and biomass from algal blooms can be harmful
regardless of whether a bloom is toxic or non-toxic. The operational method to detect
algal blooms developed by the NOAA (Carvalho et al. 2010, 2011; Stumpf et al. 2003)
was adopted for utilization over Kuwait Bay and its coastal waters. This method
examines the background chlorophyll concentration derived from the mean concentration
over the previous 60 days with a 14-day window between the date of image acquisition
and those employed in the prediction of the mean background chlorophyll concentration.
An increase of 1 mg/m3 over the mean background concentration is indicative of a
harmful algal bloom occurrence. This method was tested over the study area using the
generated Chl-a image datasets. All reported field-verified blooms (harmful or nonharmful; Table 3) were detected using this method, except for those that occurred on
cloudy days or were flagged because of one or more of the conditions described before
(Appendix II).
Carvalho et al. (2011) developed processes to remotely differentiate between
toxic and nontoxic algal blooms, including the development and utilization of a biooptical model for the detection of K. brevis algal blooms. The presence of K. brevis
causes a drop in particulate backscatter rather than an increase in absorption, and it leads
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to a drop in remote sensing reflectance (Morel 1988; Carvalho et al. 2010, 2011). This
method was adopted in this study and successfully used to map previously reported algal
blooms in the Kuwait Bay. However, many additional harmful algal blooms were
predicted using this method that were not reported from the field. This could be because
they were not sampled in the field due to their small size and distance from the shoreline.
However, it cannot be ruled out that a number of the harmful algal blooms predicted from
the remotely-sensed data could be false positives.
Database Development
A web-based GIS (http://www.esrs.wmich.edu/webmap/kuwait) was developed to
serve the following purposes: (1) host and archive all the generated products; (2) allow
the research team and users worldwide to conduct spatial analyses of the generated
products; (3) disseminate results; (4) allow users worldwide to access and analyze data;
and (5) assist in the identification of factors that promote algal blooms in Kuwait Bay by
correlating the observed spatial distribution of the identified algal blooms with the spatial
and temporal variations in other relevant factors.
The web-based GIS is updated on a continuous basis. To date, all available
MODIS images for the period from July 2002 to present have been processed and used to
generate relevant images that display the temporal and spatial variations in variables of
interest. A wide range of these relevant products were generated using SeaDAS for this
time period, and these are now hosted on the website.
Factors that Promote Algal Bloom Development in Kuwait Bay
Findings from the conceptual and statistical models include:
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(1)

The ANN performance in this study is considerably better than the multiple

regression performance due to its ability to express the relationship between the
controlling factors and bloom occurrence probability in nonlinear ways. In contrast, the
multiple regression model assumes linear relationships.
(2)

In both cases (ANN and multiple regression), the constructed hybrid model

improved the model performance significantly, due to the fact that factors controlling the
temporal bloom distribution conditions are first derived, followed by factors controlling
the bloom spatial distribution. This two-step process allows for a better prediction of the
bloom probability.
(3)

The neural network approach provides a significantly better performance, but it is

essentially a black box nature. It does not allow for the order of significance of the
various controlling factors to be derived, as compared to the regression models, which do
allow this.
(4)

The stepwise regression showed that the factors most indicative of optimal bloom

temporal conditions are: sea surface temperature, Secchi disk depth, wind direction,
OC3M, and wind speed. However, the spatial variables most indicative of the distribution
of algal bloom in Kuwait Bay were shown to be OC3M, distance to shore, GSM, sea
surface temperature, and GIOP.
(5)

Our results set the stage for the development of an early warning system in

Kuwait Bay and its surroundings.
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APPENDIX I
IN-SITU DATA
The data provided by the Kuwait Institute for Scientific Research (KISR) is
summarized in Table 1. The table lists (1) location from which sample(s) (1–7 samples
per location) were collected from an observed algal bloom, (2) field and lab
measurements (e.g., in-situ Chl-a, cells/L, genus/species), and (3) estimated Chl-a
concentrations using the OC3M, GIOP, and GSM algorithms. Correlation of the in-situ
data (Table 1) to the estimated Chl-a concentration provides insights into which
algorithm can best detect the spatial distribution of the reported blooms and which yields
Chl-a concentrations that are similar to those measured in the field.
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Table 1: Sampling Location of In-Situ Data and OC3M, GSM, and GIOP Algorithms
(Black Text = Non-toxic; Red = Toxic).
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Table 1–Continued
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Table 1–Continued
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APPENDIX II
SEADAS 6.4 PROCESSING METHODOLOGY
Data scenes were accessed and downloaded for Aqua- MODIS from Ocean Color
WEB L1/2 Visual Browser (http://oceancolor.gsfc.nasa.gov/cgi/browse.pl?sen=am). All
available Aqua-MODIS images were downloaded over the study area (30.55°N, 50.70°E
to 28.94°N, 47.40°E) and throughout the investigated period (07/2002 to present). The
Aqua-MODIS Data Products are the result of three levels of processing: Level 1A/GEO,
Level 1B, and Level 2 (Figure 1). These three levels of processing occur within the
SeaDAS 6.4 image analysis packaged housed within an Ubuntu Linux 12.04 LTS
Operating System.

Level 0 to Level 1A/GEO
The first processing operation, Level 0 (raw radiance data) to Level 1A, involves
utilizing the SeaDAS 6.4 software to process selected files with the MODIS L1A/GEO
File Generation Program. The result of this processing generates a Geolocation File
(GEO) and a Level 1A File. L0 data are representative of unprocessed
instrument/payload data at full resolution; any artifacts of the communication (i.e.
synchronization frames, communication headers) of these data from Aqua-MODIS to the
ground station have been removed. These data are the rawest format available (Figure 1).
The L1A Files are representative of the raw radiance counts from all bands as
well as spacecraft and instrument telemetry. Calibration and navigation data, and
instrument and selected spacecraft telemetry are also included. Level 1A data are used as
input for geolocation, calibration, and processing at the subsequent levels (Figure 1).
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Level 1A/GEO to Level 1B
The second processing, Level 1A/GEO to Level 1B, involves processing the
selected Level 1A Files and the Geolocation Files to produce Level 1B Files (Figure 1).
Level 1B Files are representative of Level 1A data that have had instrument/radiometric
calibrations applied. Level 1B data contains calibrated and geolocated at-aperture
radiance data that was generated from Level 1A sensor radiance counts. Data quality
flags, error estimates, and calibration data are also provided from Level 1B processing.
Lastly, this processing allows for the retention of higher resolution data (250x250m;
500x500m). The highest resolution obtained from data processing is 500x500 meters.
Level 1B to Level 2
The Level 1B to Level 2 data processing produces the standard products that are
distributed though the Ocean Color WEB Browser of NASA. The Level 2 products
provide a means to produce ocean bio-optical products. The main contents of Level-2 are
the geophysical values for each pixel, which are derived from the Level-1A raw radiance
counts by applying the sensor calibration, atmospheric corrections, and bio-optical
algorithms. Each Level 2 product corresponds exactly in geographical coverage (scan line
and pixel extent) to that of the Level 1A product and is stored in one physical HDF file.
The standard Ocean Color product contains 12 geophysical values derived for each pixel:
six water-leaving radiances for bands 1 to 6, the chlorophyll-a concentration, the diffuse
attenuation coefficient as band 3, the epsilon value for the aerosol correction of bands 7
and 8, the angstrom coefficient for bands 4 and 8, and the aerosol optical thickness at
band 8 (Table 1). The standard SST product contain 11 µm and 4 µm (nighttime only)
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SST for each pixel. In addition, 32 flags are associated with each pixel indication if any
algorithm failures or warning conditions occurred for that pixel (Table 2).
Quality control is ensured by the 32 flags which indicated conditions related to
the presence of clouds, pixels on land, saturated radiance values, high sensor view zenith
angle (θ ≥ 60°), high solar zenith angle (θ ≥ 70°), high glint radiance (≥0.005 W/ m2 µm
sr) atmospheric correction failure, stray light contamination, very low water leaving
radiance, reduced product quality, and suspect atmospheric correction. These conditions,
if met, merit flagging pixels and assigning null values to them.
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Table 1: MODIS instrument bands/bandwidth. †Spectral Radiance of band 21
[2.38W/m2 -µm-sr(335K)]. ††Spectral Radiance of band 22 [0.67 38W/m2 -µm-sr(300K)].
Primary Use

Band

Bandwidth

Land/Cloud/Aerosols
Boundaries
Land/Cloud/Aerosols
Properties

1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20
21
22
23
24
25
26
27
28
29
30
31
32
33
34
35
36

620 – 670 nm
841 – 876 nm
459 – 479 nm
545 – 565 nm
1230 – 1250 nm
1628 – 1652 nm
210 – 2155 nm
405 – 420 nm
438 – 448 nm
483 – 493 nm
526 – 536 nm
546 – 556 nm
662 – 672 nm
673 – 683 nm
743 – 753 nm
862 – 877 nm
890 – 920 nm
931 – 941 nm
916 – 965 nm
3.660 – 3.840 µm
3.929 – 3.989† µm
3.929 – 3.989†† µm
4.020 – 4.080 µm
4.433 – 4.498 µm
4.482 – 4.549 µm
1.360 – 1.390 µm
6.535 – 6.895 µm
7.175 – 7.475 µm
8.400 – 8.700 µm
9.580 – 9.880 µm
10.780 –11.280 µm
11.770 – 12.270 µm
13.185 – 13.485 µm
13.485 – 13.785 µm
13.785 – 14.085 µm
14.085 – 14.385 µm

Ocean Color/ Phytoplankton/
Biogeochemistry

Atmospheric Water Vapor

Surface/Cloud Temperature

Atmospheric Temperature
Cirrus Clouds Water Vapor

Cloud Properties
Ozone
Surface/Cloud Temperature
Cloud Top Altitude
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Table 4: The Level 2 Flags Table indicates the Bit, name of the algorithm used for
determining the setting of the corresponding bits of the Level 2 Flags. Algorithm names
correspond to various conditions listed in description. The 32 Level 2 Quality Control
Flags are used as indicators for various conditions. Flags in red are masked at Level 3
ocean color processing.
Bit
01
02
03
04
05
06
07
08
09
10
11
12
13
14
15
16
17
18
19
20
21
22
23
24
25
26
27
28
29
30
31
32

Name
ATMFAIL
LAND
PRODWARN
HIGLINT
HILT
HISATZEN
COASTZ
spare
STRAYLIGHT
CLDICE
COCCOLITH
TURBIDW
HISOLZEN
spare
LOWLW
CHLFAIL
NAVWARN
ABSAER
spare
MAXAERITER
MODGLINT
CHLWARN
ATMWARN
spare
SEAICE
NAVFAIL
FILTER
SSTWARN
SSTFAIL
HIPOL
PRODFAIL
spare

Description
Atmospheric correction failure
Pixel is over land
One or more product warnings
High sun glint
Observed radiance very high or saturated
High sensor view zenith angle
Pixel is in shallow water
spare
Straylight contamination is likely
Probable cloud or ice contamination
Coccolithofores detected
Turbid water detected
High solar zenith
spare
Very low water-leaving radiance (cloud shadow)
Derived product algorithm failure
Navigation quality is reduced
possible absorbing aerosol (disabled)
spare
Aerosol iterations exceeded max
Moderate sun glint contamination
Derived product quality is reduced
Atmospheric correction is suspect
spare
Possible sea ice contamination
Bad navigation
Pixel rejected by user-defined filter
SST quality is reduced
SST quality is bad
High degree of polarization
Derived product failure
spare

97

Figure 1: Level 0 through Level 2 data processing for MODIS Ocean Color data
products.
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APPENDIX III
PREDICTED ALGAL BLOOMS USING ≥5 mg/m3 THRESHOLD
Appendix III lists the days during which the blooms with concentrations
exceeding 5 mg/m3 were detected and the number of pixels that exceeded the threshold
value in each of these incidences (Table 1). Table 1 shows the predicted blooms. Table 2
shows the frequency of algal blooms from OC3M compared to? reported in-situ bloom
locations.
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Table 1: Predicted Blooms
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Table 1–Continued
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Table 1–Continued
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Table 1–Continued
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Table 2: Frequency of algal blooms from OC3M compared to reported in-situ bloom
location.
Longitude
47.825278
48.065
47.881944
47.884444
48.2
47.8675
47.918056
47.951389
47.820833
47.850833
48.04
47.876944
47.876944
47.851667
47.850833
47.853056
47.818056
47.817778
47.817778
47.8325
47.783611
48.084167
47.95
47.951111
47.850833
47.833333
47.851389
47.851389
47.834167
48.000833
47.935
48.000556
48.034167
47.783611
47.783611
47.800278
47.900278
47.833333
47.884167
47.851111
47.801389
47.791667
47.777222
47.784722
47.784722
47.783889

Latitude
29.406111
29.380278
29.408333
29.3675
29.333333
29.385
29.419167
29.396667
29.414444
29.416944
29.383889
29.456111
29.456111
29.4175
29.401667
29.408056
29.384444
29.418333
29.418056
29.422778
29.417222
29.450833
29.367778
29.384722
29.416667
29.400278
29.401389
29.401389
29.400278
29.400833
29.416667
29.401111
29.367222
29.383611
29.384167
29.400556
29.401389
29.416667
29.409444
29.400833
29.394444
29.391389
29.383611
29.393056
29.4
29.386944

2002
10
2
3
4
0
0
5
5
8
13
2
10
10
13
0
6
0
8
8
16
6
0
1
1
13
0
0
0
0
0
3
0
0
0
0
1
2
16
3
0
1
2
0
2
2
0

2003
28
2
10
6
0
0
9
10
19
15
3
14
14
15
4
17
2
19
19
17
12
1
5
12
15
9
4
4
9
3
6
3
1
3
3
18
8
17
10
4
18
18
9
18
18
3

2004
29
2
9
2
1
1
18
11
25
25
6
12
12
25
6
13
1
25
25
24
10
2
3
7
25
3
6
6
3
0
15
0
1
0
0
14
5
24
9
6
14
13
4
13
13
0

2005
13
4
5
1
2
2
6
5
7
8
1
5
5
8
1
8
0
7
7
8
5
3
0
5
8
0
1
1
0
0
8
0
0
0
0
5
8
8
5
1
5
5
1
5
5
0
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2006
27
6
10
6
3
3
6
11
29
19
7
9
9
19
0
10
0
29
29
24
22
5
0
4
19
1
0
0
1
0
6
0
0
0
0
10
9
24
10
0
10
10
1
10
10
0

2007
45
4
13
7
0
0
3
6
43
26
2
7
7
26
6
17
4
43
43
38
27
2
2
5
26
12
6
6
12
0
3
0
2
3
3
28
9
38
13
6
28
25
5
25
25
3

2008
20
4
10
3
0
0
8
10
17
16
5
10
10
16
8
14
1
17
17
18
4
4
5
11
16
13
8
8
13
4
7
4
0
3
3
18
7
18
10
8
18
16
11
16
16
3

2009
19
1
13
6
0
0
10
11
20
18
2
12
12
18
3
16
0
20
20
20
9
1
2
10
18
3
3
3
3
0
10
0
1
0
0
14
10
20
13
3
14
10
4
10
10
0

Total
191
25
73
35
6
6
65
69
168
140
28
79
79
140
28
101
8
168
168
165
95
18
18
55
140
41
28
28
41
7
58
7
5
9
9
108
58
165
73
28
108
99
35
99
99
9

APPENDIX IV
OPERATIONAL METHOD
Appendix IV lists the predicted blooms and flags those verified in the field. Many
other blooms that were not reported from the field were predicted. Failure to identify
many of these could be related to their small size and their distance from the shoreline.
Blooms were predicted using the operational method. In this method, a difference image
is generated between the current satellite Chl-a image and a derived background field
(mean of previous 60 days); there is a 14-day window between the analyzed image and
those used in the generation of the mean. This is done to avoid any mean biases in the
presence of slowly changing blooms.
Table 1: Total events by year, operational method compared to OC3M threshold of >5
mg/m3.

Year
2002
2003
2004
2005
2006
2007
2008
2009
2010
2011
2012

Total Events (>Avg + 1 mg/m^-3)
1610

Total (>5 mg/m^-3)
972

Events (>Avg + 1 mg/m^-3)
56
164
182
183
179
179
137
132
155
164
79

Events (>5 mg/m^-3)
32
96
128
120
128
118
68
73
90
83
36
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Table 2: Random sample comparison of operational method to OC3M.
Excel Table 2: Random Sample Comparison of Operational Method to OC3M
Sample #
1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20
21
22
23
24
25
26
27
28
29
30
31
32
33
34
35
36
37
38
39
40
41
42
43
44
45
46
47
48
49
50

Date
Oct_16_2002
Nov_15_2002
Jan_18_2003
Mar_15_2003
May_01_2003
Jul_27_2003
Aug_13_2003
Sep_19_2003
Dec_04_2003
Dec_11_2003
Feb_28_2004
Apr_14_2004
Jul_13_2004
Nov_06_2004
Feb_23_2005
Mar_20_2005
Aug_21_2005
Nov_26_2005
Feb_08_2006
Feb_26_2006
Apr_27_2006
Aug_06_2006
Nov_03_2006
Dec_21_2006
Mar_13_2007
Jul_17_2007
Sep_21_2007
Nov_08_2007
Dec_18_2007
Feb_07_2008
Mar_08_2008
May_23_2008
Jul_05_2008
Sep_14_2008
Dec_08_2008
Feb_05_2009
May_19_2009
Aug_09_2009
Sep_21_2009
Oct_21_2009
Dec_21_2009
Jan_11_2010
Feb_12_2010
Apr_06_2010
Dec_09_2010
Mar_31_2011
Nov_07_2011
Feb_14_2012
May_10_2012
Jun_05_2012

# of Pixels > Avg + 1 mg/m^-3
6375
8245
6932
419
2154
2540
0
1032
66
9293
7013
3611
2513
8879
3609
6593
4315
8792
3160
2692
1821
186
65
1248
5193
1429
9966
8327
3503
5427
6149
979
5717
4842
11298
5218
9731
2279
1400
9697
4849
7616
4204
2056
12251
5303
6268
7795
515
4153

OC3M - Detected (Yes or No)
Yes
Yes
Yes
Yes
Yes
Yes
No
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
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Proximal Location
S. Shatt Al-Arab, S. Ras Al-Ardh
Ras Ushairij, N. Umm Al-Namil
Umm Al-Namil, Shuwaikh Port
S. Shatt Al-Arab, Khor Al-Qayd
N. Failaka Island
N Umm Al-Namil
SE. Shatt Al-Arab
SE. Shatt Al-Arab
N. Ras Ushairij, S. Shatt Al-Arab
N. Ras Ushairij, S. Shatt Al-Arab
N. Ras Ajouzah, SW. Shatt Al-Arab
SW. Shatt Al-Arab
N. Umm Al-Namil Island
N. Kuwait Bay, Shatt Al-Arab, Khor Al-Qayd
Shuwaikh Port, Shatt Al-Arab, Khor Al-Qayd
N. Umm Al-Namil Island, Ras Ushairij
S. Shatt Al-Arab
S. Khor Al-Qayd, S. Shatt Al-Arab
N. Doha Port, N. and S. Failaka Island
N. Doha Port, Ras Ushairij, S. Khor Al-Qayd
Ras Al-Ardh - N. Umm Al-Namil Island
N. Umm Al-Namil Island, Ras Ajouzah
Ras Ushairij, Shuwaikh Port
Ras Ushairij, SE. Shatt Al-Arab
S. Shatt Al-Arab
Ras Ushairj, N. Umm Al-Namil Island, S. Shatt Al-Arab
Ras Kazmah, Ras Ushairij
S. Shatt Al-Arab
S. Shatt Al-Arab
S. Shatt Al-Arab, N. Umm Al-Namil Island
SE. Shatt Al-Arab
Ras Ushairij, N. Umm Al-Namil
S. Shatt Al-Arab
Ras Ushairij
Shuwaikh Port, Shatt Al-Arab, Khor Al-Qayd
Ras Ushairij, S. Shatt Al-Arab
Ras Al-Ardh, E. Failaka Island
S. Shatt Al-Arab
SW. Shatt Al-Arab
N. Umm Al-Namil
S. Shatt Al-Arab, Ras Usairij
Ras Usairij
N. Umm Al-Namil Island - Ras Al-Ardh
SW. Shatt Al-Arab, N. Umm Al Namil Island, Shuwaikh Port
Ras Ushairij, Shuwaikh Port
Ras Ushairij
Ras Ushairij
SE. Shatt Al-Arab
Ras Kazmah, Ras Ushairij

Table 3: Operational method detection of report blooms.
Date Reported
7/31/2005
8/1/2005
8/2/2005
9/24/2005
9/25/2005
9/26/2005
9/28/2005
12/5/2005
12/8/2005
12/10/2005
12/11/2005
12/12/2005
12/14/2005
2/26/2006
11/18/2006
11/19/2006
3/19/2007
3/21/2007
3/22/2007
10/13/2007
10/14/2007
10/15/2007
3/31/2008
4/3/2008
4/4/2008
4/24/2008
4/25/2008
4/27/2008
10/24/2008
10/25/2008
4/6/2009
4/7/2009
4/12/2009
4/23/2009
4/24/2009
4/28/2009
5/5/2009
5/8/2009
5/10/2009
5/12/2009
5/13/2009
5/14/2009
5/17/2009
6/22/2009
10/19/2009
10/20/2009
10/21/2009
10/22/2009
12/21/2009
7/14/2011

Detected
No
Yes
Yes
Yes
No
Yes
Yes
No
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
No
No
No
Yes
No
No
Yes
No
No
No
No
No
Yes
No
No
No
Yes
No
No
No
No
No
No
No
No
No
No
No
No
Yes
No
Yes
Yes

# of Pixels (> Avg + 1 mg/m^-3)
0
116
633
8139
0
1967
459
0
5221
6188
13545
9750
0
2692
7653
9478
1754
0
0
0
1672
0
0
1314
0
0
0
0
0
49
0
0
0
38
0
0
0
0
0
0
0
0
0
213
1282
0
9697
0
4849
34
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